The recent global dissemination of Chikungunya and Zika has fostered public health concern worldwide. To better understand the drivers of transmission of these two arboviral diseases, we propose a joint analysis of Chikungunya and Zika epidemics in the same territories, taking into account the common epidemiologic features of the epidemics: transmitted by the same vector, in the same environments, and observed by the same surveillance systems. We analyse eighteen outbreaks in French Polynesia and the French West Indies using a hierarchical time-dependent SIR model accounting for the effect of virus, location and weather on transmission, and based on a disease specific serial interval. We show that Chikungunya and Zika have similar transmission potential in the same territories (transmissibility ratio between Zika and Chikungunya of 1.04
transmission potential in the same territories (transmissibility ratio between Zika and Chikungunya of 1.04
[95% credible interval: 0.97; 1.13]), but that detection and reporting rates were different (around 20% for
Zika and 40% for Chikungunya). Temperature variations between 22
• C and 29
• C did not alter transmission, but increased precipitations showed a dual effect, first reducing transmission after a two-week delay, then increasing it around five weeks later. The present study provides valuable information for risk assessment and introduce a modelling framework for the comparative analysis of arboviral infections that can be extended to other viruses and territories.
Introduction
Arboviral infections are increasingly becoming a global health problem [1] . Dengue fever and yellow fever viruses have been re-emerging in many tropical areas since the 1980s [2] , but new epidemic waves have recently been caused by lesser known arboviruses: the Chikungunya virus (CHIKV) since 2005 [3] , and the Zika virus (ZIKV) since 2007 [4] . Interestingly, the spread of ZIKV and CHIKV have shared many epidemiological characteristics. While discovered in the 1940-50s, the global spread of these viruses to previously unaffected areas has only begun in recent years, and large outbreaks have affected the immunologically naive populations of the Indian and Pacific oceans and of the Americas [5, 6, 7] . Case identification and counting has been an issue for epidemiological surveillance since symptoms caused by ZIKV and CHIKV infection are most of the times mild and not specific. Finally, both diseases can be transmitted by the same mosquitoes of the Aedes genus [8, 9] . The most common vector, Ae. aegypti, is well adapted to the human habitat [10] , is resistant to many insecticides [11] , and bites during the day so that prevention by bed nets, for example, is ineffective [12] .
Obviously, transmission of the disease has been facilitated due to the joint occurrence of large susceptible human populations and competent vectors. However, other aspects are involved in the transmission of arboviruses, since vector abundance and behavior change with the environment. A joint analysis of CHIKV and ZIKV epidemics may provide a better understanding of the commonalities and differences among these two Aedes-transmitted diseases. Up to now, these diseases have been studied separately, with a special focus on the reproduction ratio of CHIKV [13, 14, 15, 16] or ZIKV [17, 18, 19, 20] . The uncertainty regarding several parameters, such as the under-reporting ratio and the rate of asymptomatic individuals, have made it difficult to assess the attack rates in naive populations, the relative transmissibility of the viruses, and whether meteorological conditions may alter these parameters.
Here, building on common aspects in location and vectorial transmission, we study in detail the main factors that impacted disease spread. With this objective, we propose a joint model of Chikungunya and Zika transmission based on the time-dependent susceptible-infectious-recovered (TSIR) framework [21] , using data from nine distinct territories in French Polynesia and the French West Indies, where both diseases circulated for the first time and caused outbreaks between 2013 and 2016. We also consider the influence of meteorological conditions during the outbreaks. This approach allows to discriminate the respective influence on transmissibility of properties of each virus itself in a typical situation, of factors that depend on the characteristics of a given area that may be considered as stable over time (e.g. human population density and organization, mobility of humans and vectors, environmental composition), and of weather conditions.
Material and Methods
We analysed the Zika and Chikungunya epidemics occurring between 2013 and 2016 in six islands or small archipelagoes of French Polynesia and three islands of the French West Indies by fitting weekly incidence data with a common hierarchical transmission model. The two main components of this analysis were: (1) a mechanistic reconstruction of the distribution of the serial interval of the diseases (the time interval between disease onset in a primary and secondary case), including the influence of temperature; and (2) a TSIR model for the generation of observed secondary cases, that included coefficients depending on the territory, the disease and the local weather conditions. The analysis allowed for the identification of the parameters of interest, such as the reporting rate, the reproduction ratio and the attack rate of each outbreak.
Data
Incidence of clinical disease was available from local sentinel networks of health practitioners. Weekly data were collected for the whole duration of the outbreaks, except for the Zika epidemics in the French West
Indies that were still ongoing at the time of writing; the period before July 28th 2016 was considered for the analysis in that case. In French Polynesia, both Zika and Chikungunya epidemics were monitored by the [22, 23] .
In the French West Indies, the two epidemics were monitored by the CIRE Antilles-Guyane for Guadeloupe (GUA), Martinique (MRT), and Saint-Martin (STM) [24, 25] .
For each disease, we obtained aggregated numbers of suspected cases by week of disease onset for each area. Suspected cases of ZIKV infection were defined as a rash with or without fever and at least two signs among conjunctivitis, arthralgia, or oedema. Suspected cases of CHIKV infection were defined as a fever with arthralgia. As the number of active sentinel centres changed from week to week, we used the projected numbers of cases extrapolated from the number of reporting health practitioners in the area provided by the local authorities [17] . Weather data were collected for each location and outbreak period from the nearest weather station available in the Weather Underground website [26] . Daily reports of mean temperature (in • C) and total precipitation (in cm) were aggregated by week on the same grid as incidence data.
Serial interval distribution
We extended the approach used in [13] to obtain the distribution of the serial interval between onset of disease in a primary and secondary case for Zika and Chikungunya. In this framework, the serial interval is split in four parts: (i) the infectious period before symptoms in the primary case; (ii) the time from infectiousness in the primary case to an infectious mosquito bite; (iii) the time from the initial contaminating bite to a transmitting bite in the mosquito; and (iv) the incubation period in the secondary case.
The characteristics of each part are well informed in the literature and puts forward the importance of temperature in three respects. First, the duration of the extrinsic incubation period (EIP) shortens as temperature increases. Following [27, 28] , we computed the mean EIP duration at temperature T as κ(T ) = κ 28 × exp(−0.21(T − 28)) [29] , with base value κ 28 measured at 28
• C fixed at 3 days for Chikungunya [30, 31] and at 6 days for Zika [32, 9] . Second, the mean duration of one gonotrophic cycle also decreases with temperature, from about 5 days at 22
• C to 2 days at 28
• C [33] but increases again at higher temperatures.
This association was described using the function γ(T ) = 56.64 − 3.736 × T + 0.064 × T 2 [33] . Third, mosquito mortality rate is affected by temperature, but the effect measured in field studies is very limited within the range of values relevant in this study. Hence, the daily mortality rate was fixed to 0.29 [34] .
Taking all information into account, we computed temperature-dependent serial interval distributions as a function of temperature T . These were characterized by their mean µ SI (T ), standard deviation σ SI (T ) and cumulative distribution function G(t, T ). Further details are available in the Supplementary Information.
Transmission model
The Bayesian model for analysing outbreaks was based on the model presented by Perkins et al. [21] .
Here, we first describe analysis for one disease in one location, then extend the framework to a hierarchical model encompassing CHIKV and ZIKV in all locations.
One island, one disease
We are interested in modelling the time series O = {O t } t=1,··· ,K of the weekly number of incident cases reported to the surveillance systems, where K is the duration of the epidemic in weeks. O consists in the cases who sought clinical advice and were diagnosed, a fraction of the (unobserved) incident infected cases I = {I t } t=1,··· ,K . We therefore write, in the "observation" level of the model, that O t is a proportion ρ of all cases I t according to:
where ρ is the probability that an infected case consulted with a health professional, was diagnosed and reported.
In the "transmission" level, we link incidence I t with past observed incidences O − t = {O 1 , · · · , O t−1 } as :
where N the total population of the island and β t is a time-dependent transmission parameter. The term 5 n=1 w t,n O t−n /ρ summarizes exposure to infectious mosquitoes at time t: it is an average of past incidence with weights defined by the serial interval distribution w t,n = G(n + 0.5;T t ) − G(n − 0.5;T t ) computed at the mean temperatureT t over the 5 weeks preceding t. The number of susceptible individuals S t = N − t−1 u=1 I u at the beginning of period t is computed as
To avoid data augmentation with the unobserved I during estimation, we collapse the "observation" and "transmission" levels into a single binomial distribution:
In a final step, we account for the imprecise nature of the O data, since observed cases O have been extrapolated from limited information provided by a network of local health practitioners. We therefore allow for over-dispersion using a negative binomial distribution instead of the binomial, as:
where variance is computed as the mean divided by φ.
The joint probability of data and parameters is finally
where Pr(β) and Pr(ρ) are prior distributions described later.
Several islands, several diseases
We introduced a hierarchical structure in the model for reporting rates and transmission. Reporting rates ρ ij in island i for disease j were modelled using a logistic-normal model
where
is a random island effect, V j is 1 for ZIKV and 0 for CHIKV and ω is the odds-ratio of reporting ZIKV cases relative to CHIKV cases during an epidemic. Three parameters θ ρ = {µ ρ , σ ρ , ω} define the model. Likewise, we allowed for a random island coefficient in the transmission term and fixed effects for disease and weather covariates, as follows:
is an island-specific random parameter, β D is the relative transmission of ZIKV compared to CHIKV, and the last two terms capture the influence of temperature T and precipitations P for the last nine weeks on transmission with nine transmission effects each, β T,l and β P,l -we chose to consider a time lag up to eight weeks based on previous knowledge on dengue ecology [35] . Transmission thus depends
Writing O ij = {O ijt } the observed incidence in the outbreak in island i and disease j, and O the whole dataset, we have:
where θ = {θ ρ , θ β } is the whole set of parameters to be estimated.
Models and outcomes
We defined a set of models to structure our investigation of the effect of disease and weather covariates on transmission:
• the baseline model considered a single transmission rate for the entirety of each outbreak irrespective of weather conditions (i.e. parameters β T,l and β P,l were set to 1);
• the free model, with the same hypotheses as the baseline model, but with independent random terms b ij for each disease instead of the combination b i + ln β D V j in the transmission term, dropping the assumption of dependence between two outbreaks occurring in the same area (see Supplementary Information for more details);
• the weather models built on the baseline model by including a dependence of transmission on weather conditions. We considered 3 possibilities: temperature alone (weather T ), precipitations alone (weather P ), and both at the same time (weather T & P ).
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The copyright holder for this preprint (which was not . http://dx.doi.org/10.1101/078923 doi: bioRxiv preprint first posted online Oct. 4, 2016; Model fits were compared using the leave-one-out information criterion (LOOIC), a Bayesian information criterion especially adapted to hierarchical models [36] . To summarize the intensity of transmission, we computed reproduction ratios based on the general formula R(i, j, t) = 5 n=1 w t,n β i,j,t+n [21] . In particular, we computed for each disease an island-averaged basic reproduction ratioR 0 (j) = exp(µ B + V j ln β D ), and for each island a disease-specific basic reproductive ratio R 0 (i, j) = exp(b i + V j ln β D ).
Prior information & estimation
We used thick-tailed, weakly informative prior distributions as shown in Table 1 [37, 38] . The joint posterior distributions of the parameters were explored with the Hamiltonian Monte Carlo NUTS algorithm, as implemented in STAN 2.9.0 [39] . We used eight chains with 10,000 iterations each and discarded the first 25% as burn-in. Each chain was sampled every 10-th iteration to reduce autocorrelation. Convergence of the chains was assessed both visually and by inspecting the Gelman-Rubin ratio R for every estimated parameter. The posterior distributions were summarised by their means and 95% credible intervals (95%CI).
We checked that all parameters were identifiable using simulated datasets (see Supplementary Information). Importantly, we found that even when epidemics were not observed to their end, the results were sensible. 
Parameter Meaning
Prior distribution µ ρ Island-averaged reporting parameter
Between-islands SD in reporting σ ρ ∼ Inv-Gamma(α = 10, β = 10) ω Odds-ratio of reporting for ZIKV relative to CHIKV ln ω ∼ Normal(µ = 0, σ = 1) µ B Island-averaged baseline transmission parameter
Relative transmission according to temperature (with time lag l)
Relative precipitation according to temperature (with time lag l)
Results

CHIKV and ZIKV outbreaks in French Polynesia and French West Indies
In French Polynesia, ZIKV outbreaks occurred between October, 2013 and March, 2014, followed one year later by CHIKV outbreaks (October, 2014 -March, 2015). Overall, there were about 30,000 observed clinical cases of Zika and 69,000 of Chikungunya, corresponding to an observed cumulated incidence of 11% and 26% (Table 2 ). The dynamics of the outbreaks were similar in most of the six studied areas, with a steep increase after the first reported cases and a mean outbreak duration of 20 weeks (Fig. 1A) . Except in the Austral islands, there were more reports of CHIKV cases than of ZIKV cases (2.1 to 4.5 times more).
In the French West Indies, CHIKV outbreaks occurred first (between December, 2013 and April, 2015)
and ZIKV outbreaks started in January, 2016 and were still ongoing by August, 2016. Overall, there were 159,000 clinical cases of Chikungunya and 62,000 of Zika until July 28th, 2016. The CHIKV epidemic lasted from 47 to 73 weeks, with an observed cumulated incidence between 15% and 20%.
The weather conditions over the outbreak periods showed diverse behavior across islands (Fig. 1B and   1C ). The temperature in French Polynesia islands was almost constant around 27-28
• C, except in the Austral Islands where the temperature was colder (around 24-26 • C). In the West Indies, the range of variation was larger and the average temperature was around 27
• C. Rainfalls showed an opposite trend, with more variation in the Pacific islands than in the West Indies. 
Reconstructed temperature-dependent serial interval
The mean serial interval ranged from 1.5 to 2.7 weeks for CHIKV and from 2.2 to 4.7 weeks for ZIKV according to change in temperature over the periods (Fig. 2) . The changes were limited in most Polynesian islands, reflecting stable temperature over time, except for the Austral islands. On the contrary, the serial interval tended to be longer on average and more variable in the West Indies. 
Model fit and parameter estimates
The baseline model captured the essential characteristics of the outbreaks, as shown in Fig. 3 . Overall, the timecourse of the CHIKV outbreaks was fitted more accurately than that of the ZIKV outbreaks: some predicted peaks in incidence were slightly off target, for example in Tahiti or the Marquesas Islands. The fit was also very good for the three ZIKV epidemics still under way in the French West Indies. The baseline 8 peer-reviewed) is the author/funder. All rights reserved. No reuse allowed without permission.
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The parameters of the baseline model are reported in Table 3 The variance for the random island effects in reporting and in transmission were different from 0, indicating heterogeneity between locations (Fig. 4) . The island-specific reproduction ratios R 0i were lower in the French West Indies compared to French Polynesia, especially in Martinique. The island-specific reporting rates grouped islands in two sets, the first with high reporting rates, around 50% for CHIKV and 25% for ZIKV, and including the Austral Islands, the Marquesas Islands, the Tuamotus, Saint-Martin, and Martinique, and a second group with smaller reporting rates, around 25% for CHIKV and 15% for ZIKV, including Guadeloupe and the other Polynesian islands.
Estimated values for the attack rates follow the spatial pattern of R 0i estimates, exception made for the Zika epidemics in Marquesas Islands and the Tuamotus for which we found substantially smaller values.
Attack rates for Chikungunya were as high as 70-80% in Mo'orea, the Marquesas Islands, the Sous-le-vent Islands, Tahiti, the Tuamotus and Guadeloupe, while below 50% for the Austral Islands, Martinique and Saint Martin. With the exception of the Austral Islands, Zika caused smaller outbreaks. 9 peer-reviewed) is the author/funder. All rights reserved. No reuse allowed without permission.
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Weather conditions and disease transmission
We added all combinations of precipitation and temperature on transmission and compared models using LOOIC values. Including precipitations in transmission (model weather P ) improved the fit, while the effect of temperature was lesser (Table 3 ). In particular, including temperature alone in the transmission term suggested a small reduction in transmission with higher temperature four weeks in the past, but this effect disappeared when precipitations and temperature were entered at the same time in the model (Fig 5A) .
On the contrary, the effect of local precipitations showed a marked pattern on transmission, with higher rainfall decreasing transmission two weeks later and increasing transmission four to six weeks afterwards (Fig 5B) , with or without adjustment on temperature. For a typical increase in precipitations of 1 cm, this corresponded to a reduction in transmission by 8% two weeks later and an increase of 10 to 12% four to six weeks afterwards. We repeated the analyses including one lag at a time, instead of all nine together, and found essentially the same pattern, indicating no problems due to autocorrelation.
Using model weather P, the ZIKV epidemic in Tahiti was better explained, with precipitations leading to a better description of the epidemic peak, (Fig. 6) , and we also noticed a steepest reduction in the Sous-le-vent CHIKV Islands after the peak. In other islands, the fit was little affected by transmissibility change with weather. Other parameters were not affected by inclusion of weather: reporting rates in the weather models were estimated at the same values as in the baseline model.
11
The 
Discussion
The rapid spread of arboviral diseases has raised public health concerns worldwide. Understanding the drivers of transmission and the sources of variability in the different patterns of propagation requires investigating the effects of viruses and environmental variables, but is complicated by differences in surveillance systems. The hierarchical model here developed combined epidemiological data on the Chikungunya and Zika outbreaks in nine different territories, making optimal use of the available information and allowing for disentangling the role of different components on transmission, thus providing a better understanding of the arboviral dynamics.
Transmission was adequately described with additive contributions of island and virus effects, compared to the less structured free model. Then, once the effects of the locality and the weather conditions were taken into account, the difference in transmission between the two viruses was minute, with a relative transmissibility of 1.04 [95%CI: 0.97; 1.13] in favour of Zika. This suggests that the epidemic dynamics are controlled less by the difference between viruses than by factors related to the locality such as mosquito abundance, the local environmental, socio-economic and meteorological conditions. Similar transmissibility is also compatible with 12
reproduction ratio estimates reported for both diseases [17, 19, 18, 40, 41, 21] , although we acknowledge that differences in hypotheses (e.g. serial intervals) make such comparisons uneasy. Only one study compared directly the transmissibility of two arboviruses focused on Dengue and ZIKV epidemics in Yap Island [42] , reporting higher transmissibility for Zika.
Besides providing a comparison between viruses, we also assessed variation in transmission with location.
Overall, transmission was lower in the French West Indies than in the Pacific islands, although with substantial geographical heterogeneity. Previous analyses reported variation between territories [17, 19, 18, 40] .
Kucharski et al. [17] analysed the ZIKV epidemic in French Polynesia with results similar to those reported here: Tahiti, Sous-le-vent and Mo'orea had larger reproduction ratios than Australes and Tuamotu. In the French West Indies, the reproduction ratios previously estimated by [40] for CHIKV suggested higher transmission in Guadeloupe than in Martinique, as reported here. Interestingly, in the West Indies, similar patterns were noticed for CHIKV and ZIKV: in Martinique both outbreaks started quickly after introduction, while in Guadeloupe we observed a delay of a few weeks following introduction, after which the growth was more intense. Patterns of human mobility and commuting [43] , housing and lifestyle [44] , land use [45] , water management and waste collection [46] may explain such differences, and should be further assessed.
Second, we quantified the role of precipitation and temperature in driving transmission for the two diseases, by modelling their effect on transmissibility. We found that precipitation, but not temperature, influenced the epidemics in French Polynesia and French West Indies. Including a temperature-dependent serial interval distribution was not responsible for the lack of association with temperature, as the same results were found with a temperature independent serial interval distribution (see Supplementary Information). It is possible that temperature effects within the range spanned in the study (quite narrow and close to the transmissibility optimum [47, 21] ) are too small to be detected by our statistical approach. The effect of increased rainfall was twofold, reducing transmission two weeks later but enhancing it with a time lag of four to six weeks. These effects were the same when the lagged terms were introduced one at a time rather than simultaneously in the model, and persisted irrespective of the inclusion of temperature. The effect of weather on arboviral diseases has been the subject of extensive research, mainly on Dengue fever [48, 49, 35, 50, 51, 52, 53] , and, with a focus on climatic rather than local meteorological factors, on Chikungunya [21] . These studies yielded mixed results, although most reported a positive association between precipitation and incidence, explained by an increased abundance of vectors [49, 35, 51, 52, 53] . Natural rainfalls can certainly create poodles allowing oviposition and Ae. ageypti 's larval development, and our results are in line with this interpretation, the five weeks lag matching the time required for the maturation of larvae and the incubation periods [35] . This may not be the case in all places, since artificial water storage reduces the impact of such natural phenomenons [54, 35] . In the present analysis we found that the inclusion of precipitation improved the fit of the epidemics of Zika in Tahiti and Chikungunya in Sous-le-vent Islands, while other outbreaks were less affected by the inclusion of this ingredient. The short term negative association between increased rainfall and transmission is less commonly reported [48, 55, 56, 57, 58] . It may be due to a reduced exposure to mosquitoes either because adult mosquitos are more likely to die [59] or because the human population would reduce outdoor activity and be protected by indoor mechanisms (e.g. air-cooling) [54] .
A third finding was the dissimilarity in the reporting ratios between the two diseases and between islands.
We estimated that overall only 20% of all Zika cases ended up being reported, against 40% of Chikungunya cases. These estimates are consistent with the much higher asymptomatic rate of ZIKV infections (around 80%) compared to CHIKV infections (around 30%) reported in serological studies in Yap Island and French Polynesia [60, 61] . Differences between territories may be ascribed to the organization of the local surveillance systems in relation with the structure of the target population, where a major difficulty is the assessment of the actual population covered [62] . The operational characteristics of surveillance networks in these islands are unknown, however increased medical participation is often possible in the less populated islands and may contribute to larger reporting rates estimated in the smaller territories of Austral Islands, Marquesas Islands, the Tuamotus, and Saint Martin (Fig. 4) .
The values for the final attack rates show the same spatial structure as the reproduction numbers for CHIKV. For ZIKV, however, R 0 was not always a good predictor of the final attack rate of the epidemic, as was noted elsewhere [60] . For instance, Marquesas Islands and the Tuamotus show higher values of R 0 than the Austral Islands and, at the same time, smaller attack rates. Data on the Zika outbreaks were noisy in these territories, thus the use of the information from the Chikungunya outbreaks in the same locations showed here its strongest effect, reducing the indetermination and guiding the estimation of the epidemic parameters. In the French West Indies, the model was able to capture the distinctive dynamics at play in Guadeloupe and Martinique, two very similar islands that displayed different epidemic profiles. We predicted that, despite similar numbers of CHIKV cases were reported in the two territories, the difference in the outbreak behavior was associated with a higher attack rate in Guadeloupe than Martinique (66% vs. 45%), reflecting the delayed but more intense transmission in the former island. Zika is showing a similar pattern suggesting that stable properties of the environment, the population and its spatial distribution may be responsible for the observed behavior. Further research conducted at a smaller scale would be needed to better understand the causes of this difference.
Our model presented some innovative features. Its hierarchical structure allowed for the epidemic assessment in several territories and for two diseases at the same time while keeping low the number of parameters (e.g. random island factors are drawn from a common distribution). By relying on other outbreaks occurring in the same area and on outbreaks in other areas, we obtained stable, precise posterior estimates for the reproductive ratios, the reporting rates and the attack rates of each epidemic. The whole model was also tested with simulated data, and was able to precisely recover the initial values (see Supplementary Information). Some limitations, however, need to be acknowledged. Serial interval distributions along with its dependence on temperature are an input of the model, given that serial interval and reproductive ratio cannot be jointly estimated from incidence data. We overcame this issue by developing a mechanistic model of the serial interval based on combined information from different bibliographic sources. Still, uncertainty 14 peer-reviewed) is the author/funder. All rights reserved. No reuse allowed without permission.
The copyright holder for this preprint (which was not . http://dx.doi.org/10.1101/078923 doi: bioRxiv preprint first posted online Oct. 4, 2016; remained on some parameters, particularly the association between the EIP and temperature, which was based on Dengue experiments [29] , following the approach of [27, 28] . It is important to notice, however, that a sensitivity analysis ignoring this association yielded very similar results. Another limitation of this analysis is the overlook of sexual transmission, which has been reported in the case of Zika. We argue that, when a competent vector is abundant as in the territories under study, sexual transmission is unlikely to contribute significantly to transmission. Indeed, other works estimated that it accounted for only 3% of transmission [41] . Finally, we made the assumption that Ae. aegypti is the main vector involved in transmission, and calibrated the distribution of the serial interval accordingly.
In conclusion, we jointly analysed epidemics of Zika and Chikungunya in nine island territories to quantify the respective roles of the virus, the territory and the weather conditions in the outbreak dynamics.
We showed that Chikungunya and Zika have similar transmissibility when spreading in the same location.
Accounting for the level of precipitation improved the modelling of the epidemic profiles, notably for the outbreaks of Zika in Tahiti and of Chikungunya in the Sous-le-vent Islands. Eventually, different probabilities of developing symptoms for the two diseases translated in substantial differences in reporting rates. The present study provides valuable information for the assessment and projection of Aedes-borne infections spread, by peer-reviewed) is the author/funder. All rights reserved. No reuse allowed without permission.
